Global linguistic diversity (LD) displays highly heterogeneous distribution patterns. Though the origin of the latter is not yet fully understood, remarkable parallelisms with biodiversity distribution suggest that environmental variables should play an essential role in their emergence. In an effort to construct a broad framework to explain world LD and to systematize the available data, we have investigated the significance of 14 variables: landscape roughness, altitude, river density, distance to lakes, seasonal maximum, average and minimum temperature, precipitation and vegetation, and population density. Landscape roughness and river density are the only two variables that universally affect LD. Overall, the considered set accounts for up to 80% of African LD, a figure that decreases for the joint Asia, Australia and the Pacific (69%), Europe (56%) and the Americas (53%). Differences among those regions can be traced down to a few variables that permit an interpretation of their current states of LD. Our processed datasets can be applied to the analysis of correlations in other similar heterogeneous patterns with a broad spatial distribution, the clearest example being biological diversity. The statistical method we have used can be understood as a tool for cross-comparison among geographical regions, including the prediction of spatial diversity in alternative scenarios or in changing environments.
Introduction
Primal linguistic diversity (LD) may stem from a myriad of environmental and cultural factors. Several quantitative analogies with ecological diversity patterns [1, 2] are an indirect evidence in support of the pivotal role likely played by the environment in explaining the distribution of linguistic groups. Conspicuous examples are the increase in language richness with sampling area [3] -in a fashion equivalent to the species -area relationship for biological species [4] -and the latitude diversity gradient, which was early described for species [5] and much later identified for the density of cultures [6] and that of languages in North America [7] and Africa [8] .
Some studies have attempted to quantify the direct relationship between linguistic or cultural diversity and the environment. One of the first investigations related LD to climatic variation at the scale of whole countries [9] , concluding that a key determinant of LD is the subsistence strategies of human groups. Later, a positive correlation between cultural diversity and temperature and rainfall patterns was described [6] , and evidence that mean annual temperature is only relevant at the macro scale was presented. Also landscape elevation was shown to positively correlate with LD [10] . There is thus abundant evidence of the effect of environmental variables on LD, though a consensus on which mechanisms dominate the build up of LD at the local scale has not been achieved [11] . The fact that several parameters are correlated with LD points to a complex underlying process significantly affected by a number of different variables and perhaps dependent on historical, economical and cultural facts, as several previous analyses have discussed [7, 9, 6] .
Some of the causes underlying language demise are more clearly understood, because this is an ongoing process severely affected by cultural practices.
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A comparison of the extinction risk of birds and mammals with languages reveals that the latter (especially small languages) are more threatened than species [10] . At present, around 7000 descendants [12, 13] of an estimated peak number of about 30 000 simultaneous coexisting languages [12] remain. The process of language death often involves a competition whereby speakers are forced to or spontaneously abandon their native language in favour of a foreign language [14, 15] . Historically, this process has affected different world regions at different times and with varying strength, causing an unequal preservation of linguistic stocks. Nowadays, high LD concentrates in Africa, Asia and the Pacific, while the Americas and Europe have already suffered severe losses: Africa, for instance, with an area almost twice that of South America, harbours five times more languages.
In this contribution, we focus our analysis on the relationship between environmental variables and LD, with the additional consideration of human population density. Our working hypothesis is that the remarkable heterogeneity observed in current LD should contain essential information on which environmental variables are universal and which others are unique in explaining the composition of different world regions. At present, LD is mapped to an unprecedented degree of detail [16] , as is the planet and its environmental state and dynamics. Data obtained from geographical information systems have quantified variations in rain, temperature or productivity, e.g. in time and in space with very high precision. We take advantage of all these data to revisit the question of which are the factors that mostly affect global LD. To this end, we apply an unbiased statistical method that yields the relative weight contributed by each variable and takes into account the cross-dependencies within the set of variables. We begin with 14 variables and identify a reduced set ( precipitation, temperature, landscape roughness and rivers) with which language abundance is highly correlated. Among those tested, the density of rivers and landscape roughness appear as key factors, not explicitly considered before, in explaining high LD. The method allows a quantitative comparison between large world regions that bear highly dissimilar abundances and leads to the identification of variables that have been particularly relevant in specific regions, permitting an informed analysis of the differences. We conjecture that the information so gathered may assess future losses of LD at a spatially explicit scale.
Material and methods (a) Language database
The global language diversity has been collected by SIL International (see http://www.ethnologue.com/), mapped by Global Mapping International into the World Language Mapping System (http://www.gmi.org/wlms/index.htm) and compiled in an extensive database called Ethnologue [13] . Nowadays, it includes standardized ISO codes for about 6900 extant languages and 700 extinct ones.
(b) Mapping of data
Electronic supplementary material, figure S1 presents an example of the high-resolution polygons corresponding to the territory spanned by the speakers of a language. In order to study the variation of LD across the world, care should be taken to analyse equal-size areas independently of latitude and longitude. This problem has been solved by using an area-preserving projection (electronic supplementary material, figure S2 ). To avoid insularity effects which may confound the natural spread of a language over a territory, we included in our study only those languages found within the 100 largest landmasses on the Earth (see electronic supplementary material, figure S3 ). The choice of an optimal spatial scale to represent data and quantify the correlations between variables and LD has been based on a maximum entropy principle (see electronic supplementary material, figure S4 ), which settled that scale at 222 Â 222 km 2 cells (figure 1). Only one previous study used a comparably high resolution [8] , but only for Africa.
(c) Environmental variables
We selected 14 (non-independent) environmental variables (table 1) and downloaded the corresponding data from several different sources. Detailed explanations for all datasets are provided as electronic supplementary material, S1.
(i) Vegetation
As a measure of seasonal vegetation dynamics, we used the remote sensed 'fraction of absorbed photosynthetically active radiation' (or FAPAR [17] ), a relative quantity at a high temporal and spatial resolution that takes values between 0 and 1. Data were downloaded from the European Commission (http://fapar.jrc.ec. europa.eu/Home.php). Processed data are represented in electronic supplementary material, figure S5.
(ii) Precipitation and temperature
The CRU TS v. 2.0 climate dataset [18] from the Climate Research Unit, University of East Anglia (UK), formed the basis of the climate data layer. As for vegetation, we considered average, maximum and minimum values of precipitation (electronic supplementary material, figure S6 ) and temperature (electronic supplementary material, figure S7 ) inside each cell.
(iii) Rivers and lakes
The Global Self-consistent, Hierarchical, High-resolution Shoreline dataset [19] , available from the National Oceanic and Atmospheric Administration USA, formed the basis of our river density data layer. The number of river branches within each cell yielded the density of rivers (electronic supplementary material, figure S8 ), while distances to lakes larger than 1000 km 2 yielded a map of proximity to large masses of fresh water (electronic supplementary material, figure S9 ). figure S3 ). The sinusoidal projection is area-preserving, maintaining, in particular, the circumference of the Earth at each latitude (see electronic supplementary material, figure S2 ).
rspb.royalsocietypublishing.org Proc. R. Soc. B 281: 20133029 (iv) Landscape elevation Land elevation was obtained from a dataset of global bathymetry and elevation data at high resolution called SRTM30_Plus [20] by the Scripps Institution of Oceanography, UCSD, USA (electronic supplementary material, figure S10).
(v) Landscape roughness
Calculation of roughness required substantial data processing of the land elevation dataset. Roughness was quantified as a function of the Hurst exponent [21] at each point in the SRTM30 database (every 1 km), calculated in 100 km length transects (to minimize correlations between adjacent cells) and averaged over eight different directions (see electronic supplementary material, figure S11 ). The resulting roughness map, where each cell contains an average over 1600 points, is represented in electronic supplementary material, figure S12. 
(d) Correlations between datasets
The environmental variables considered are not mutually independent. In order to control for spurious correlations and to identify variables with a high explanatory power, we quantified the cross-dependencies between every pair of factors. First, the histograms of all variables have been rescaled so as to maximize their meaningfulness (electronic supplementary material, figure S14). The global and partial correlations between all possible pairs of rescaled datasets have been calculated from the corresponding covariance matrix (see electronic supplementary material, S2 and figure 2), and a principal components analysis has been performed (electronic supplementary material, figure S15). As an additional example, the particular case of partial correlations for Africa and the Americas is shown in electronic supplementary material, figures S16 and S17.
(e) Bayesian statistical model
The core of the method to determine the relevance of each variable consists of the application of a Bayesian model with linear terms using Markov chain Monte Carlo sampling (see electronic supplementary material, S3). This procedure returns the estimated weights of a linear combination of the environmental factors that yield the observed language richness (see electronic supplementary material, figure S18 for the implementation of the method, table S1 for a convergence assessment and figures S19-S22 for the kernels obtained). The fitting protocol has been repeated for four continental regions: Europe (west of the Ural Mountains), the American continent, Africa and extended Asia (Asia, the Pacific and Australia). There is a natural separation among those regions caused by mountain ranges and oceans, as well as important historical differences. Beyond these causes, the division into four regions is supported by a quantitative divide arising from the study of languages-area diversity curves (see below).
(f ) Spatial correlations
In order to assess to what extent space is relevant to explain LD at the scale of our basic cells, we have quantified spatial correlations in the residuals (difference between logarithms of data and fit values according to the method above, see electronic supplementary material, figure S23 and table S3) by means of Moran's I [22] . Relevant definitions are included as the electronic supplementary material, S4.
(g) Languages -area curves
We have calculated languages -area curves in a manner analogous to the estimation performed in ecology for species -area curves [4] , through nested areas of increasing size. Results are represented in figure 3 , where each data point stands for the average number of languages kN(a)l found within land plots of area size a. In addition to the average number of languages, we have calculated the distribution p(N ) of abundances for each value of a (data not shown). The calculation has been repeated Table 1 . Summary of regression results for fits to continental regions. If the factor is found insignificant, the symbol '*' is used; significant factors with either positive or negative weight are indicated with 'þ' or '2', respectively. We define a fundamental set of factors containing the variables in italic: precipitation, temperature, roughness and density of rivers. Origin and processing of data are described in Material and methods; world maps can be found as electronic supplementary material, figures S5-S10, S12 and S13. A quantitative measure of the significance of each variable in the four regions studied has been obtained by measuring the cumulative values of the corresponding kernel densities (as shown in electronic supplementary material, figures S19-S22; significance values are compiled in electronic supplementary material, table S2).
factors Africa
rspb.royalsocietypublishing.org Proc. R. Soc. B 281: 20133029
for several different continental regions, eventually permitting a global divide between high-and low-diversity regions. For a given value of a, thus, two distributions p(N) are obtained, one for each of the curves in figure 3 . These distributions are compared through two different metrics (the overlap between distributions and Hellinger's distance between curves) to quantify their degree of similarity (see electronic supplementary material, S5 and inset of figure 3 ).
Results (a) Correlations between variables and global linguistic diversity
Mutual dependencies between all possible pairs of variables have been quantified through the covariance matrix. In this approach, LD is treated as an additional variable. A summary of results averaged over all possible 222 Â 222 km 2 cells is represented in figure 2 . Overall, seasonally varying factors are strongly correlated internally, as visualized through the formation of clusters along the diagonal in figure 2a. Expected correlations, as those between average vegetation and minimum and maximum vegetation, or rainfall and temperature, are recovered by the analysis. This indicates not only a correlation in time (seasons) but also a dependence of the parameters describing, for example, the average vegetation versus the minimum vegetation. Roughness and altitude are robustly related because rougher terrains are typically located at higher altitude [23] . LD displays high positive correlations with most variables measured, with the exception of minimum precipitation and altitude. It shows also a negative correlation with distance to lakes.
As direct dependencies between LD and environmental variables are masked by cross-correlations within the whole set, we resort to partial correlations in order to uncover bona fide dependencies. Partial correlations between all pairs of variables are shown in figure 2b. We observe that the number of large correlations declines drastically, most notably the correlation between vegetation and rainfall. Furthermore, the correlations between LD and everything else also drop significantly. The dependence of LD on vegetation and population density seems to vanish, which suggests that the dependence with the latter two factors apparent in figure 2a should be explained by a more basic subset of the remaining variables. Global LD maintains significant positive correlations with average precipitation (in agreement with [6] ), but also with river density and roughness.
To simplify further the matrices in figure 2 , we have calculated their principal components (electronic supplementary material, figure S15 ). This analysis shows that population density and rivers are the two most proximate points for both total and partial correlations. Together with the result on partial correlations, this is a robust indication that dense river systems are fundamentally related to high LD.
(b) Correlation between variables and regional linguistic diversity
The analysis above has been repeated for several major continental regions, revealing significant differences between rspb.royalsocietypublishing.org Proc. R. Soc. B 281: 20133029 environmental factors explaining diversity in the Americas, Europe, Africa and a large region that we label extended Asia and comprises Asia, Australia and the Pacific.
As an example, the analysis of partial correlations between all pairs of variables for Africa and the Americas is displayed in the electronic supplementary material, figure S16. A clearer representation of the variables affecting LD in these two regions is shown in the electronic supplementary material, figure S17, where it can be seen that only river density and roughness are positively correlated to LD in both regions. Other significant factors are exclusive of either region. In the case of precipitations, correlations with LD are significant, but of fully different sign. The different dependence on the remaining variables can be interpreted as measurable evidence of the different regimes where the two regions are with respect to the dynamics of their LD. A clear indication is found in the reciprocate response for rainfall. In the Americas, high diversity spots correspond to territories where indigenous cultures remain. Apparently, these are found in mountainous areas or deep forests with less fortunate rainfall patterns. In Africa, more rainfall is correlated to high LD on average, but minimum and maximum precipitation levels have adverse effects on LD (despite its overall enhancing effect on population density).
The analysis of significant factors for the four regions is summarized in table 1 (see also the electronic supplementary material, table S2), and further details can be found in the electronic supplementary material, figures S19-S22. Among the environmental data analysed, only roughness and rivers are found universally significant. Beyond roughness and rivers, the combination of variables that explains LD in different regions seems to be unique. Africa is the region where environmental variables seem to play the largest role in explaining LD: the fit of model-to-data reaches 80%. The explainability of the other regions is not as high, decaying to 53% for the Americas (table 2) .
The explainability of African LD at the spatial scale studied is maintained if, instead of the whole set of variables, we use a subset formed by rainfall, temperatures, roughness and rivers. This fundamental set of factors explains 66% of the language variability in extended Asia, 53% in Europe and 48% in America. Using all factors only gives a slightly better fit (compare table 2 and the electronic supplementary  material, table S4 ).
(c) Spatial autocorrelations
Our previous analysis has not taken into account the spatial structure of LD for the sake of simplicity and in order to permit a straight identification of the role played by each of the environmental variables studied. Including spatial correlations would significantly increase the number of parameters of the model, likely conferring it a higher predictive capacity but at the same time confounding the effect of main variables. This nonetheless, it is important to quantify the relevance of spatial autocorrelations. The difference between the observed LD and the prediction of the model (i.e. the absolute residuals) has been calculated for each individual 222 Â 222 km 2 cell (see electronic supplementary material, figure S23 ). Correlations between neighbouring cells appear locally, especially in areas of high LD and typically around large rivers (Niger, Ganges and Rhine). Significant negative autocorrelations also remain in a few areas, as in the Amazon basin and the Argentinian Patagonia, indicating simultaneously an LD below expectations. These correlations are short-ranged, indicating that the elementary cell we have selected closely coincides with the typical scale at which spatial correlations are lost.
In agreement with the above, spatial autocorrelations in the residuals at the continental scale are non-significant. Measures of Moran's I and the z-score for each of the four main regions considered demonstrate that spatial autocorrelations in the residuals are not significant at the 5% level (electronic supplementary material, table S3).
(d) Mutual explainability of different continental regions
To investigate the universality of the weights w, we looked at how much of the, for example, European LD would be explained by using the weights obtained for African LD. In table 2, we show the mutual explainability for the w's including all variables. Table 2 should be read as follows: when using the weight factors found by regression of LD in, for example, Africa to form expectations of the LD in, for example, Europe we see that our expectations match the data at 46%. The rows have a maximum in the diagonal because the maximal degree of explanation is achieved by fitting the local LD to the corresponding local environmental factors. This explains that, for example, w Americas applied to African LD gives a relatively high number, but the result is much below the actual fit for Africa. The most universal weight factors resulted from the fit to the African LD, as the column labelled 'Africa' shows the overall highest correlations between expectations and observations. The case of European diversity is the opposite, because w Europe have the lowest explanatory power when applied to other regions. These results are qualitatively robust if we perform our fits with the reduced set of variables (rainfall, temperature, roughness and rivers) identified as significant for Africa in our previous analysis, as summarized in the electronic supplementary material, table S4.
(e) Languages -area curves
The application of regression weights from Africa to Asia and vice versa yields the highest mutual explainability among all possible pairs of regions (table 2) . This agrees with Africa and Asia presenting the highest LD, hosting 2564 and 2762 living languages, respectively. Europe and the Americas are 
, with a density that is about threefold lower on the average than that of the rich continental regions. This fact can be visualized in a different way if we represent the languages -area relationship for Africa and extended Asia and that for Europe and the Americas separately ( figure 3) . A significant difference in LD occurs for all values of the area, but for a . 10 6 km 2 the two distributions p(N) become fully separated. The difference in average richness is consistently maintained for all values of a: a region of a fixed size holds about a threefold larger LD in Africa and extended Asia than in Europe and America. The calculation was repeated for the Americas versus the Eastern hemisphere, with no significant difference (data not shown).
(f ) Current divide and future diversity
The high LD in Africa and extended Asia, together with the remarkable explainability of their LD on the basis of environmental factors suggests that those regions might be closer to a past state of peak LD. The LD of the Americas and Europe has been severely affected by colonization and demography, which among others should contribute to explain present LD in those regions. In a sense, the LD of the Americas and Europe could be interpreted as the future of currently rich regions in a scenario where LD will continue decreasing. A rough way of inferring the future global LD is to use the regression weights obtained for the Americas and apply them to the remaining continents (electronic supplementary material, figure S24 ): a global drop in LD is expected overall. This analysis can be made quantitative by adding the number of languages predicted from the languages-area curve to occupy each cell. The statistical model yields 3700 languages remaining (half of present diversity). This prediction is in reasonable agreement with the most accepted common estimate of the future number of languages, which states that 3500 languages will be extinct within the century [24] .
Discussion
We have quantified the correlation between a set of 14 environmental variables and global LD at a meaningful and high spatial resolution. We have used data with the largest available precision and evaluated mutual and absolute correlations by means of an unbiased statistical procedure that relies on a Markov chain Monte Carlo model. The method allows a straight incorporation of new data and can be simply used to evaluate differences between regions and to infer alternative scenarios by means of the crossed use of fitted weights.
Our results support that LD can be explained to a good extent by means of environmental variables. The clearest example is that of Africa, where up to 80% of its LD is explained by a subset of the environmental variables used in this study. Population density, in particular, plays no role in African LD. In other regions, such as the Americas, low population density, high altitude and low vegetation are correlated to LD. We interpret these correlations as a result of the population centres created by speakers of European languages (found mostly in coastal areas, where population density is high), which have either replaced or purged native languages. Indigenous peoples of America may have mostly survived in low vegetation highlands. Population density is thus the proximate cause explaining the LD of a continent that has been under recent heavy demographical influence from the outside. Though to a lesser extent, also the LD of Asia, Australia and the Pacific is negatively correlated to population density. Europe is an exception in this respect, because its LD (significantly lower than that of Africa and Asia, and comparable to that of the Americas) is positively correlated to population density. This points to demographic evolution as a relevant variable in explaining European LD. This nonetheless, Europe and the Americas are the less explainable regions on the basis of environmental variables. Additional variables and effects not considered in this study will be needed to fully explain their LD patterns. On the one hand, we have shown that spatial autocorrelations are non-significant at the continental level, though their introduction should improve the predictive power of the model at the local scale. On the other hand, cultural variables are expected to be of relevance, as previous studies suggest. The spread of linguistic groups, for instance, has been shown to depend on political complexity [25] , this being a variable that would be worth including in an extended analysis of global LD. Other recent historical factors such as warfare and colonization, and ecological variables such as pathogens may have been relevant in shaping LD in particular regions. Factors not considered in this study should explain up to 50% of current LD, and in the light of our results those meaningful ones might be even specific to a time and a region.
Among the variables analysed, only two of them play a universal role in explaining the LD of different continental regions: landscape roughness and river density. Though this appears as an intuitively sensible result, the significance of both variables had not been quantitatively demonstrated in any previous study. It is highly likely that roughness and rivers are at the very origin of linguistic diversification. As with speciation, it can be argued that roughness promotes linguistic isolation and enhances diversification through a mechanism analogous to parapatric speciation. In some instances, also rivers act as physical barriers to group dispersal and similarly cause speciation [26] . But rivers also provide many services such as water, food, protection and means of transportation, thus seemingly mitigating the separating effect of rough landscapes. Water, food or protection can be also ensured near lakes, but distance to lakes does not consistently appear as a relevant factor to explain LD. We conjecture that the key difference between lakes and rivers, and the importance of the latter to promote linguistic diversification, relies in transportation. Water courses have been instrumental in the dispersion of humans [27] , of which the fast European settlement process in North America [28] is a prominent example. In ancient times, regions where river branches meet were regions where human groups met and settled. Those contacts have left their imprints in archaeological sites such as the Three Gorges in China or, more explicitly, in actual river trade networks such as that which was still operating in mediaeval Russia [29] . Hence, regions of high river density have acted as social hubs, promoting the interaction among different linguistic groups. It is conceivable that rivers may have boosted LD through a process analogous to genetic recombination [30, 31] . This scenario is indirectly supported by observations of how frequent contacts between speakers of different languages may result in rspb.royalsocietypublishing.org Proc. R. Soc. B 281: 20133029 new hybrid languages within a few generations. It has been put forward that rapidly emerging contact languages may then have played a significant role in language evolution [32] . In the scenario here discussed, this mechanism might have turned regions rich in waterways into cradles of LD. If true, this could in part explain the hot spots that we have identified in all continents linked to fluvial density. At present, diversity is conspicuous along the basins of the Niger River (Nigeria), the Ganges River (Bangladesh), the Red River delta (Vietnam), the Sepik River (Papua New Guinea) or the Rhine River delta (Holland).
We have identified a clear world divide between two main regions (Europe and the Americas versus Africa and extended Asia) characterized by different states regarding their LD and the exchangeability of the environmental variables that explain the latter. In the light of the historical events in the last few centuries, that divide can be interpreted in a temporal sense, where regions of high diversity would be in the 'past' and evolve towards the LD patterns of lowdiversity regions. With this scenario in mind, we have attempted a rough prediction of how the future spatial distribution of languages might look like after some relaxation period whose duration we cannot estimate with current data and the methods used here. Several ingredients may affect this transient. First, as diversity decreases, it is to be expected that surviving languages, likely spoken by larger communities, would enter a regime of slower competitive dynamics with a decreasing rate of language extinction. Second, changes in world organization steadily modify the main players in these dynamics. Examples are the substitution of colonization by globalization and of persistent, water-mediated movements by fast, long-range transportation. Third, demographic pressure and climatic change might be factors accelerating the extinction of a language, in the same way that they are affecting the biosphere [33] : natural habitats are modified, reduced and fragmented, populations are displaced and, eventually, increasing competition and further weakening of small populations supervenes. There is evidence to support that these small populations may suffer from an accelerated decline, in resemblance to the Allee effect in biology [10, 34] .
On the other hand, new languages are also emerging in the form of new urban hybrid forms or in slow divergence processes that can be already witnessed in English and Spanish. However, this number is relatively small when compared with the rate of language loss [35] .
Language extinction is certainly not so strongly driven by colonization as it was some centuries ago. The process that finishes with one language taking over another one is at present a passive process in many cases. Widespread languages usually perform as dominant languages, and the subjective appreciation of their higher status leads to a non-violent but inexorable extinction of minor coexisting languages [14] . Though eventual extinction is the final fate of most world languages, the time they may take to disappear depends strongly on conservation policies and environmental factors. In the light of our results, an eye should be kept on river systems. Nowadays, owing to climatic change and other human activities-as flow regulation through dams-, river systems have been deeply modified, often losing at once their dual ancient role as providers of fresh water and means of transportation [36] .
The significant relation between river systems and LD here uncovered may hopefully open new ways of looking at how languages, and thus human cultures, arise, interact and can be preserved. If linguistic recombination is behind the proliferation of languages along fluvial networks, linguistic phylogenies in those regions may appear as complex ensembles of networked languages [37] , with a strong component of horizontal transmission that may eventually call for an analysis of the parallelisms between linguistic and biological evolution beyond the analogy. An active preservation of river systems appears as essential to maintain not only the linguistic heritage of the humankind, but also possible unknown remnants of a rich and diverse cultural past.
